Abstract: Universally applicable empirical equations specific for high-and low-forage diets were developed to improve the prediction of enteric methane production (eCH 4 ) from beef cattle. A database built using treatment means from published beef studies conducted in numerous countries was divided into two datasets: high-forage diet [≥40% forage dry matter (DM), n = 123] and low-forage diet (≤20% forage DM, n = 34). Monte-Carlo techniques were used to overcome the limited numbers of observations in each dataset, and multiple regression analysis and cross validation were used to develop new eCH 4 prediction equations. Precision, accuracy, and analysis of errors were evaluated using concordance correlation (r c ) and root mean square prediction error (RMSPE). The best-fit equations for high and low forage content included the following variables: body weight (kg) and intakes (kg d −1 ) of DM, fat, neutral detergent fiber (NDF), acid detergent fiber, crude protein to NDF ratio, and starch to NDF ratio. For high and low forages, best-fit equations had r c ≥ 0.70 and RMSPE ≤ 40 g eCH 4 d
Introduction
Methane is a greenhouse gas and livestock farming is a major contributor to atmospheric methane mainly emitted by enteric fermentation [enteric methane (eCH 4 )] from livestock operations. Beef production contributes 41% of global livestock emissions (Gerber et al. 2013) .
Models that predict eCH 4 emissions from ruminants are used to estimate emission inventories, develop mitigation options, and implement policies. Numerous mechanistic, dynamic, or mathematical models have been developed and recommended for prediction of eCH 4 for all kinds of cattle. Empirical models specifically for beef cattle (e.g., Ellis et al. 2007 Ellis et al. , 2009 Yan et al. 2009; Muir et al. 2011; Moraes et al. 2014) , for beef and dairy cattle (e.g., Ricci et al. 2013; Ellis et al. 2014) , or for beef and dairy cattle and sheep (Ramin and Huhtanen 2013) have been proposed. However, the uncertainty of estimates of eCH 4 from beef cattle using these models can be substantial (Hippenstiel et al. 2013; Moraes et al. 2014) , especially for cattle fed high-grain diets (EscobarBahamondes et al. 2016) . Part of this uncertainty could be due to the limitations of the model, but variability can also be due to the limited number of records, regional representation of data, and statistical distribution or range of each variable within the development database. Application of models outside the production systems upon which they were developed can lead to errors in greenhouse gas estimates (Schils et al. 2013) .
The Intergovernmental Panel on Climate Change (IPCC 2006) established several methodologies (Tiers) to estimate eCH 4 emissions from cattle. Tier 1 uses a yearly emission factor ranging from 47 to 56 kg of eCH 4 depending upon the geographical zone, which is multiplied by the number of cattle. Tier 2 uses an eCH 4 conversion factor (Y m ) based on daily gross energy intake (GEI, MJ d −1 ). The Y m for diets containing 90% or more concentrate (feedlot cattle) is 3% ± 1% of GEI, whereas Y m is 6.5% ± 1% for all other diets and cattle categories. Tier 3 is recommended for estimating eCH 4 emissions for those countries where livestock emissions are particularly important and where there are data on animal numbers and feed composition.
In most beef cattle production systems, cattle are fed diets high in forage content with the exception of feedlots, which finish cattle on high-grain diets. The effect of diet composition on eCH 4 in beef cattle has been reviewed extensively by Beauchemin and McGinn (2005) and Doreau et al. (2011) . Fernando et al. (2010) reported that a major change in the ruminal population structure occurred when forage content of the diet was lowered from 60% to 40% of dry matter (DM), with an even more pronounced change occurring with a further shift to 20%. Additionally, differences in diet composition used in various beef production systems may not be adequately considered in current eCH 4 models. It is well known that the ratio of dietary forage to concentrate (F:C) alters the rumen microbiome and resulting fermentation pattern. Diets rich in grain increase ruminal propionate proportion and decrease ruminal acetate proportion, a fermentation pattern associated with less eCH 4 ). Furthermore, some models require inputs that are not easily available [e.g., values of digestibility, metabolizable energy (ME), or digestible energy (DE)], limiting their practical use.
We hypothesized that developing equations specific for high-forage (≥40% forage DM; HF) and low-forage (≤20% forage DM; LF) diets using a universal database would improve the prediction of eCH 4 emissions from beef cattle compared with the nondiet-specific Tier 2 equation of IPCC. The aims of this study were to (1) construct a database of eCH 4 emissions for beef cattle fed forage-and grain-based diets from the literature published worldwide, (2) develop a set of practical equations to predict production of enteric eCH 4 that could be used universally, and (3) compare predictions using these new equations with those of IPCC (2006) Tier 2.
Materials and Methods

Datasets
The original (OR) database was constructed using peerreviewed scientific papers published between 2000 and 2014 that reported effects of diets on eCH 4 for beef cattle (Supplementary Table S1 ).
1 The Web of Science (Thomson Reuters, New York, NY, USA) and Papers © v2.6.4 (Mekentosj B.V., Dordrecht, the Netherlands) were used to search for relevant peer-reviewed publications. Keywords used were "methane", "methane in steers and heifers", and "methane in beef cows". Published papers were included in the database if they provided a description of the diets and results for eCH 4 To reflect differences in ruminal microbial populations due to diet (Fernando et al. 2010) , proportion of dietary forage was used as a criterion to divide the database into two datasets. One dataset comprised data from treatments with dietary forage greater than or equal to 40% (40%-100%; n = 148 from 38 studies), representing HF diets fed to breeding stock and growing animals. The other dataset comprised treatments with 20% or less dietary forage (2%-14%; n = 43 from 17 studies), representing LF diets fed to feedlot finishing cattle. Treatments with less than 40% but greater than 20% forage were considered as transition diets and excluded due to their small numbers (n = 6; three studies). The dietary variables included in both datasets are shown in Supplementary Table S2 1 where production of eCH 4 (g d −1 ) was the response variable. The Mahalanobis distance was used to detect and exclude outliers (Kleinbaum et al. 1998) . Collinearities between variables were evaluated by variance inflation factors between eCH 4 and dietary composition and intakes. Collinearity was identified when variance inflation was ≥10, in which case the variable with the lowest r in predicting eCH 4 was removed (Kleinbaum et al. 1998) .
Two statistical methods, Monte-Carlo (MC) methods and cluster analysis with bootstrapping, were used to overcome the limited numbers of records in each dataset, as described below.
Monte-Carlo datasets
Monte-Carlo methods are algorithms that use pseudorandom numbers to determine the properties of some function. Pseudo-random numbers represent independent observations from a uniform distribution, and accuracy of the method generally improves with the increasing number of pseudo-random numbers used (Upton and Cook 2006) . To preserve collinearity between variables, each study in each OR dataset was defined as a "seed" limited by maximum and minimum values for each variable, and pseudo-random numbers were generated for each seed and aggregated to form the MC-HF (n = 123 000) and MC-LF (n = 32 000) datasets.
Cluster (bootstrap) datasets
Cluster analysis is a multivariate technique of classification based on grouping rows that share similar values from any number of variables (SAS Institute 2015) . The aim of classification is to group treatments based on their variables, such that treatments within a group are more similar than treatments within other groups. Bootstrapping and randomization techniques have been in use in diverse fields of biology (Manly 2007) and in animal science in recent years (McMeniman et al. 2010; Marcondes et al. 2012) . Thus, the OR HF dataset was divided into four clusters, and the OR LF dataset was divided into three clusters using K-means cluster technique (SAS Institute 2015). Each cluster was resampled 1000 times using a bootstrapping (BT) technique with replacement to create new BT-HF (n = 123 000) and BT-LF (n = 32 000) datasets.
Regression analyses
A modification of the approach used by Marcondes et al. (2012) was implemented to develop new prediction equations. Initially, principal component analysis (PCA) was separately conducted for each OR database (HF and LF) to identify independent variables that were most related to eCH 4 . Principal component analysis is a multivariate technique that reduces the dimensionality of data by transforming related variables into a set of uncorrelated variables retaining as much variation as possible (Abdi and Williams 2010) . Variables selected from PCA were used as input variables to build the models. Polynomial variables were included in the various new models. Multicollinearity between linear and polynomial regressors was identified by variance inflation factors where variables with values >10 were removed. Using the OR database, and HF and LF datasets, forward-stepwise regressions were performed to obtain equations that only included significant (P < 0.05) variables. Initially, equations were selected based on root-mean-square error (RMSE) and Akaike's information criterion corrected. The MIXED procedure was used to include study as a random effect to account for differences among studies ). An internal validation of the OR equations developed was achieved using "leave-one-out" cross validation (Arlot and Celisse 2010) . The MC and bootstrapping datasets were used to develop equations by applying forward-stepwise regression, and internal validation was achieved by K-fold cross validation (n = 10). Nonsignificant variables (P > 0.05) were manually excluded, and final equations were selected based RMSE and K-fold R 2 . Statistical analysis was performed using JMP
Equation performance
Observed minus predicted values were used to evaluate performance of equations using concordance correlation (r c ), root-mean-square prediction error (RMSPE), mean absolute error (MAE), model efficiency (MEF), and index of agreement (dr) of the equations. Statistics were computed in accordance with Tedeschi (2006) and Willmott et al. (2012) . The RMSPE was calculated from mean square prediction error (MSPE). The MSPE was split into error due to overall bias or error in central tendency (ECT, %) to assess whether the model over-or under-predicted eCH 4 ; error due to deviation of the regression slope from unity (ER, %) representing error attributable to regression; and random or disturbance error (ED, %) that provides an indication of the adequacy of the model for prediction (Bibby and Toutenburg 1977) . If the majority of the error is due to ED, the model is considered to have no systematic errors and be adequate for prediction. It is assumed that greater values for r c (≤1.0), MEF (≤1.0), and ED (≤100%), smaller values of RMSPE, ECT, ER, and MAE, and values for dr equal to 0, represent a better-fit equation. Residual analysis was made by regressing the centered predicted values of eCH 4 against the observed minus predicted values as was suggested by St-Pierre (2003) .
IPCC 2006 equation
Prediction of eCH 4 using Tier 2 methodology (IPCC 2006) was calculated as follows:
, where Y m = 3.0% when dietary concentrate proportion is ≥90%, otherwise Y m = 6.5%.
Results and Discussion
Data were obtained from the published literature; hence, Animal Care and Use Committee approval was not required.
The complete database (AL) that comprised dietary composition, daily intakes, and animal data was split into two parts: HF (≥40% dietary forage content) and LF (≤20% dietary forage content) diets based on the knowledge that cattle fed HF diets produce more eCH 4 than cattle fed grain-based diets (Rooke et al. 2014) . McCann et al. (2014) and Fernando et al. (2010) indicate that dietary F:C produces marked changes in the ruminal bacterial community when diets shift from an F:C of 60:40 to 20:80. An F:C of 20:80 or less is associated with an increase of amylolytic bacterial species leading to lower eCH 4 . Furthermore, McCann et al. (2014) and Fernando et al. (2010) suggest that the threshold F:C of 10:90 used by IPCC (2006) may be too low, and thus, the definition of LF diets in the present study was expanded to incorporate diets with an F:C of up to 80:20.
Datasets and relationships between methane production and dietary or animal variables
Summary descriptions of the datasets are shown in Table 1 . An important aspect of model development is that the predictive scope of a model is related to the database used in its development. Consequently, models have difficulty in predicting values of eCH 4 outside the range of the dataset used. Thus, to develop widely applicable equations, the database used in our study included data from a range of diet compositions used in beef cattle production from numerous geographical locations. The accuracy and precision of the new models were compared with the widely used IPCC (2006) Tier 2 equation but not with other extant diet-specific prediction equations as these were not meant to be applied outside the range (maximum and minimum values) of the databases used. Performance of extant prediction equations is presented by Escobar-Bahamondes et al. (2016) .
Variables within a dataset often show asymmetry (skewness) and peakedness distribution (kurtosis) even when data are obtained from studies with normal distribution. The shape of the distribution of each variable in the database and the location of the average within the range of values can be a source of bias and limit prediction of eCH 4 . With the exception of Ellis et al. (2007 Ellis et al. ( , 2009 , most studies do not report skewness and kurtosis, and it is only possible to infer the distribution of variables within most previously published databases by comparing the average against the range of each dietary content variable.
Total eCH 4 production is positively associated with DMI (Johnson and Johnson 1995; Shibata and Terada 2010) because it is related to the quantity of organic matter fermented in the rumen (Knapp et al. 2014) . As a consequence, a strong linear relationship between eCH 4 and DMI was reported for beef cattle fed only forages (Charmley et al. 2016 ). However, feeding concentrates can affect the relationship between eCH 4 and DMI because DMI is positively associated with concentrate proportion yet eCH 4 decreases with increased concentrate feeding. Furthermore, eCH 4 expressed as a proportion of DMI or energy intake usually decreases with increasing DMI (Shibata and Terada 2010) because DMI is inversely associated with ruminal digestibility of nutrients (due to increased passage rate and decreased extent of ruminal fermentation). For that reason, equations in our study predicted eCH 4 (g d −1 ) rather than eCH 4 yield (g CH 4 kg −1 DMI). In the current study, DMI was less for the HF than the LF dataset, principally due to the lower BW of animals fed HF diets (Table 1 ).
An average forage proportion of 71.9% and 9.5% of dietary DM characterized the HF and LF datasets, respectively, with positive skewness (0.37) and platykurtic (−0.78) distribution for the HF database and, conversely, negative skewness (−1.69) and leptokurtic (7.71) distribution of forage proportion in the LF database (Table 1) Ricci et al. (2013; mean: 79.5%; range: 9.0%-100%), and Ramin and Huhtanen (2013; mean: 83.0%; range: 30%-100%). Only Ellis et al. (2009; 53.7% ; range: 29.5%-75%) reported a lower mean forage proportion than our HF dataset. However, range of forage contents in those studies was greater than in our HF dataset, indicating that those equations were not specific to HF diets.
The rationale for developing separate predictions for the HF and LF databases was to reflect differences in their fermentation characteristics. The HF database represents mainly cellulolytic ruminal fermentation. Fermentation of fiber yields greater proportions of acetate and butyrate than propionate. Acetate and butyrate production release hydrogen to the ruminal pool, which the methanogens use to reduce CO 2 to eCH 4 .
Therefore, an increase in the ratio of acetate to propionate increases eCH 4 (Johnson and Johnson 1995) . As was expected, daily intakes of neutral detergent fiber (NDF) (2.8 vs. 1.5 kg d −1 ) were greater in the HF dataset than in the LF dataset. The daily mean intake of NDF (kg d −1 ) for the HF database is similar to that of Ramin and Huhtanen (2013; 2.8 Relationships between methane production and animal or diet
For the HF dataset, PCA revealed that dietary proportion variables (e.g., % of DM) were unrelated to eCH 4 , and thus, they were not included in the eCH 4 prediction equations. In contrast, BW and variables of dietary intakes were related to eCH 4 . Moe and Tyrrell (1979) considered variables related to cell wall carbohydrates [hemicellulose (HC) and cellulose (CEL)] and cell contents (NFC and starch) to be good predictors of eCH 4 . However, in our study, starch showed a weak relationship with eCH 4 for the HF database, even though there was an extensive range in starch intakes across studies (0.02-3.96 kg d −1 ). These results indicate that for HF diets, variables other than starch are more important predictors of eCH 4 . For the HF dataset, the variables DMI and intake of forage were more strongly correlated (r ≥ 0.70) with eCH 4 than were intakes of crude protein (CP), NDF, acid detergent fiber (ADF), HC, CEL, and GEI (r < 0.70 and r ≥ 0.50; 
Equations to estimate methane
Cross validation was used to evaluate performance of the new equations to predict eCH 4 emissions, similar to the approach used by Moraes et al. (2014) . Crossvalidation techniques are used in nutrition research to evaluate prediction equations (e.g., Yan et al. 2009; Ramin and Huhtanen 2013; Moraes et al. 2014 ), although it is recognized that a more robust approach would be to evaluate the equations using an independent dataset. However, that was not possible in this study due to the lack of additional independent data, especially for beef cattle fed high-grain diets.
Prediction models can be of limited use for practical application if they include predictor variables that are difficult to determine by commercial feed analysis laboratories or that are not readily available. For instance, some models have used estimates of energy intake, which can be difficult to estimate under practical feeding conditions. For example, beef models from Yan et al. (2000) included digestible energy intake, equations from Ellis et al. (2007) and Yan et al. (2009) included ME intake, models from Ricci et al. (2013) included DM digestibility, and some models from Ramin and Huhtanen (2013) used organic matter digestibility and GE digestibility. Equations developed in the current study as shown in Table 3 do not use digestibility, but rather, they rely on variables commonly reported for beef cattle feeds by commercial laboratories or accessible from feed tables, making the equations simple to implement.
Equations developed from bootstrapping datasets for HF and LF resulted in lower performance than the OR dataset and the MC datasets, and therefore, they are not presented and were excluded from the results and discussion. Note: ADF, acid detergent fiber; BW, body weight; CP, crude protein; DMI, dry matter intake; GE, gross energy; HC, hemicellulose; NDF, neutral detergent fiber; ADF, acid detergent fiber; NFC, non-fiber carbohydrate.
Complete database equation
Using the AL to develop prediction equations resulted in equation [AL-OR] that considers BW (kg), dietary forage content (%), and polynomial effects of fat 3 . The RMSE was 31.9 (g d −1 ), which is slightly greater than the value obtained for equation [HF-OR] and lower than the value obtained for equation [HF-MC] for the HF dataset.
Compared with [LF-OR] and [LF-MC], RMSE from [AL-OR]
was greater, indicating that nonforage specific equations are less accurate for predicting eCH 4 for LF diets.
Performance of prediction equations
New models to predict eCH 4 are generally compared with IPCC (2006) Tier 2 predictions because it is the most widely used approach for estimating eCH 4 emissions from cattle. Performance comparisons of the new equations are shown in Table 4 ) and a bias of 13.3 g d −1 at the minimum value predicted (30.6 g d −1 ) ( Ricci et al. (2013) , with forage proportion similar to our HF dataset (79.5% vs. 71.9%), compared predictions from their models based on GEI and DMI against predictions 
Conclusion
Treatment means from a wide range of beef cattle studies conducted in numerous countries were used to build databases with two different ranges of dietary forage content representing HF diets fed to breeding stock and growing cattle and LF diets fed to feedlot cattle. Accounting for forage proportion resulted in equations with greater precision for estimating eCH 4 production from beef cattle compared with IPCC (2006) Tier 2 methodology and equations developed from a combined database that was not specific to forage content.
Use of MC techniques to resample the OR datasets, while maintaining the statistical characteristics of the OR population, was useful for overcoming the limited data, particularly for feedlot cattle fed LF diets. Cross validation and evaluation indicated that the newly developed equations, which account for nutrient intake of cattle fed diets that differ in forage proportion, can be used to predict acceptable values of eCH 4 production for beef cattle. These HF and LF equations are simple to implement as they use variables commonly reported for beef cattle feeds by commercial laboratories and do not require inputs of dietary energy content (e.g., GE, digestibility). Accurate prediction of eCH 4 emission from beef cattle is crucial for the beef industry and governments to develop appropriate strategies to minimize the contribution of cattle to climate change.
